In this paper, a generic texture descriptor, namely, Statistical Analysis of Structural Information (SASI) is introduced as a representation of texture. SASI is based on statistics of clique autocorrelation coefficients, calculated over structuring windows. SASI defines a set of clique windows to extract and measure various structural properties of texture by using a spatial multi-resolution method. Experimental results, performed on various image databases, indicate that SASI is more successful then the Gabor Filter descriptors in capturing small granularities and discontinuities such as sharp corners and abrupt changes. Due to the flexibility in designing the clique windows, SASI reaches higher average retrieval rates compared to Gabor Filter descriptors. However, the price of this performance is increased computational complexity.
INTRODUCTION
In recent years, textural information has been widely used as a visual primitive in many image processing applications [1] , [2] , [3] , [4] . The potential areas include industrial and biomedical surface inspection, ground classification and segmentation of satellite or aerial imagery, document analysis, scene analysis, texture synthesis for computer graphics and animation, biometric person authentication, content-based image retrieval and modelbased image coding [5] , [6] , [7] .
Although the above application areas necessitate the utilization of texture analysis, only a limited number of successful interpretations of texture exist so far. The success of a texture descriptor heavily depends on the data type and the application area. A major problem in representing texture is that the textures in the real world are often quite 1 His address: Sermaye Piyasasi Kurulu, Doc.Dr. Bahriye Ucok Cad.,No:13, 06500, Besevler/Ankara/TURKEY E-mail address: carkaci@ceng.metu.edu.tr in the design of the Gabor Filter Banks. Otherwise, the implementation of a complete Gabor expansion would entail a generally impractical number of filters. Also, in a digital world, it is not always possible to cope with all sizes of analog Gabor Filters, which may cause problems, especially, with the textures that consist of small texels or sharp corners. Another limitation of the Gabor descriptor is the restriction of the filtering area, which must fit in a rectangle, unless some pre-processing is done.
In this study, we explore a generic texture descriptor, which overcomes the above mentioned difficulties and works well on a wide range of textures. The SASI descriptor, proposed in this paper, is based on second order statistics of clique autocorrelation coefficients, which are the autocorrelation coefficients over a set of moving windows. The clique windows of various size and shape, which are defined by a neighborhood system, are used as a tool for describing the characteristics of textures in different granularity. The order of the neighborhood system controls the structure of the clique windows. Because of the flexibility in the definition of clique windows, SASI can cope with a broad class of textures, which may consist of discontinuities or small primitives.
SASI is tested on Brodatz Album [16] , CUReT [17] , PhoTex [18] and VisTex [19] image databases. The experiments are also performed on a combined database obtained by joining all of the images in these databases. It is observed that SASI improves the retrieval rates compared to Gabor Filters. However the price of this improvement is the increased computational complexity.
The paper is organized as follows. In Section 2, we introduce SASI descriptor behind a series of definition.
Experimental results are given in Section 3. Section 4 concludes with discussions on the strengths and weaknesses of SASI compared to Gabor Filter descriptors.
STATISTICAL ANALYSIS OF STRUCTURAL INFORMATION (SASI)

Definitions
SASI is based on the concepts of clique [20] and autocorrelation coefficient. In the following, SASI descriptor is introduced along with the background definitions.
Definition 1: Neighboring set of a pixel
For a regular lattice , the neighboring set of a pixel with coordinate ( is defined by the following recurrence relation: The neighboring relationship has the following properties:
(1) a pixel is not neighboring to itself: Figure 1 shows the neighbors of pixel , where the labels from 1 to 5 indicate the order of the neighborhood system with respect to the Euclidean distance. In this figure, widely used first and second order neighborhood systems are indicated by label 1 and 2, respectively. ij Pixels near the edge of the lattice have fewer neighbors than the interior pixels. This fact is compensated by assuming that the lattice has a periodic or torus structure, which means that the left edge is connected to the right edge and the upper edge is connected to the lower edge [11] , [21] , [22] , [23] . Given the neighborhood system , base clique type set P is defined as, 
with length L is a set defined by, 
determine the size and orientation of the clique window, respectively. On the other hand, most of the time, it is hard to talk about the size and orientation of the irregular clique windows. This fact is depicted in Figure 4 (h). Thus, for the irregular clique windows, rather than the size and orientation, the structure becomes the main issue.
In this study, we mainly concentrate on the regular clique windows. For the sake of simplicity, Figure 5 .
In
, 12 different clique windows (ignoring the symmetric ones) can be defined as shown in Figure 6 . One can employ the higher order neighborhood systems, in order to incorporate the characteristics of the images in the database. Then, the clique windows can be defined based on the clique type set for a given neighborhood system. 
where is the gray value of the image at position and
is the mean value of the gray levels and
is the number of pixels in the clique window
Lag vector v is a vector between two locations of a clique window. Note that autocorrelation coefficients of a clique window depend only on the length and direction of the lag vector.
Clique autocorrelation coefficients can be considered as a short-term correlogram over the clique window defined by the clique chain. They enable us to capture stationary information at various scale and orientation within an image.
Since the autocorrelation coefficients at all lags bear redundant information as experimented later in Section 3.1.1, there is no need to use all of them for the representation of a texture in a multidimensional space. Therefore, it is reasonable to take the lag vector v of a clique window
is a lag multiplier and
. In other words, the lag vector v is taken as the same as the base clique type of the clique chains, which make the clique window.
Definition 5: Second Order Statistics of Autocorrelation Coefficients
Mean value and standard deviation of clique autocorrelation coefficients with lag vector v of all clique windows (2) and ( )
respectively, where v is the lag vector, p and c are the base clique types, is the number of clique chain, is the clique chain length and is the number of pixels in the lattice.
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For a given texture T, SASI descriptor is defined as an Nx1 vector with the entries 
, is defined by normalizing the entries of D T as follows: In this study, the mathematical similarity between the textures T 1 and T 2 is measured by the following metric:
where • stands for dot product. 
Algorithm of SASI
The most crucial part of the algorithm is the selection of the clique window sizes, and . A preliminary analysis on database, as discussed in the next section, may help us to determine them. Window sizes depend on the size of the texture primitives and resolution of the images in the database. Basically, clique windows should be small enough to capture small primitives and big enough to capture large patterns or primitives in the images of the database. One can employ all possible size clique windows and related autocorrelation coefficients, but this time,
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the computational power is wasted. Additionally, increasing the dimension of the feature vector may not improve the representation capability of the descriptor. This is a well-known phenomenon, called "curse of dimensionality", in pattern recognition.
EXPERIMENTS
Two sets of experiments are done to show the power of SASI. First, SASI descriptor is analyzed in detail and compared to Gabor Filter descriptor. Latter, SASI and Gabor Filter descriptor are tested on the image retrieval problem by using four different image databases, namely Brodatz Album, CUReT [17] , PhoTex [18] and VisTex [19] . The experiments are also performed on a database generated by joining all the images of these four databases.
Brodatz Album contains 112 pictures with size 512x512 and 256 gray values after digitizing, showing a variety of textures, collected for artistic purposes [16] . It is a de facto standard set of images for texture retrieval problem. Due to its popularity and comparable studies exist in the literature [24] , [14] , [15] ; a more comparative analysis is provided on the Brodatz Album in the following sections. Further details can be found at http://www-white.media.mit.edu/vismod/imagery/VisionTexture/vistex.html.
SASI in Detail
In this section, first, traditional correlogram method is examined to show the redundancy in autocorrelation coefficients in the analysis of texture. Next, the clique windows are employed in order to show the effect of the window sizes in constructing the SASI descriptor. Then, SASI descriptor is compared to Gabor Filter descriptor.
Traditional Correlogram Analysis
Traditional correlogram is a special case of SASI, where the size and the shape of the clique windows are chosen as the size and the shape of the image itself and clique autocorrelation coefficient is calculated for all lag vectors. The resulting series is called the autocorrelation series or correlogram. Figure 7 shows the correlogram of texture D001 from Brodatz Album. The correlogram in Figure 7 shows that at each 30 pixel in X and Y direction texture primitives are repeated.
It is well known that correlogram bears redundant information [9] , [25] , [26] . This redundancy is partially observed by Figure 8 , which are horizontal, vertical, right and left diagonal clique Different properties or components of the texture are captured by the clique autocorrelation coefficients at different lag vectors applied on the clique windows. Figure 9 illustrates the relation between the clique window size versus mean values and standard deviations of autocorrelation coefficients of texture D001 in the Brodatz Album. Note that the mean values and standard deviations of the autocorrelation coefficients remain almost the same for larger values of clique window than the size 25x25. Therefore, for this particular example, it is shown that using clique window size larger than 25x25 does not bring any critical information. Similar analysis is done for the texture D052 shown in Figure 10 . In this case, the largest window size might be 15x15.
In Figure 9 and 10, the clique autocorrelation coefficients are calculated for 4 orientations of clique windows with the lag multiplier . Whereas in Figure 11 and 12, directions of lag vectors are fixed, but varying lag multiplier is employed for textures D001 and D052. Due to the dominant horizontal and vertical effects in texture D001
and dominant diagonal effects in texture D052, related clique windows are selected to examine the dominant features of both textures. Figure 11 and 12 indicates that using clique window size larger than 33x33 for texture D001 and larger than 19x19 for texture D052 brings very small information for clique autocorrelation coefficient with lag multiplier n
Note that, the mean value of the clique autocorrelation coefficients approaches to the autocorrelation coefficient of the entire texture, as the size of the clique window gets larger.
The window sizes and the lag vectors of the autocorrelation coefficients for each clique window are the critical parameters of SASI. Therefore, a preliminary analysis on the images of the database is required to select these parameters before the calculation of SASI descriptor.
Gabor versus SASI Descriptor
Gabor Filter descriptor, reported by Manjunath and Ma [14] , [15] 
where the subscript S represents the scale (S=0,..,3) and K represents the orientation (K=0,..,5). The distance between two images is defined as: However in our experiments, we use clique windows of size 3x3, 5x5 and 7x7 for 128x128 images. Therefore, for the databases used in this study, Gabor Filter is more efficient in terms of the computational complexity. In order to depict the characteristics of both SASI and Gabor Filter descriptors, three textures are selected from the Brodatz Album, namely D001, D035 and D052. D001 contains sharp edges with large texels and high contrast. On the other hand, D035 and D052 have coarse to fine textures with relatively low contrast. Considering the structure of the textures, D001 is analyzed by horizontally oriented clique windows and Gabor Filters, whereas D035 is analyzed by diagonal clique windows and Gabor Filters, since these effects are dominant in the selected textures.
Also, the vertical effects are analyzed in D052, which consists of vertical, diagonal and horizontal texels. Table 2 The results of the filter responses and the clique autocorrelation coefficients depicted in Figure 13 , 14 and 15 are not directly comparable. However, by analyzing these figures, one can get an idea about how these two descriptors work. Although there is no one to one mathematical match, for each image, small to big clique window versus narrow to wide Gabor filter is employed.
A comparison of SASI and Gabor Filter outputs in Figure 13 indicates that while SASI captures the sharp edges, Gabor has a tendency to smooth them. The Gaussian structure of the Gabor Filter naturally, bends the straight lines while SASI captures them without any deformation.
It can be seen from Figure 14 and 15 that, Gabor Filter fails to capture small texels because of the error in discrete approximation of Gabor function for small windows. The output of fine parameters of Gabor is almost white noise (no pattern).
Image Retrieval
Textural information can be used in two main application domains: 'between-image search' and 'within-image search'. The first domain deals with searching an image database and finding the most similar image to a given query image. The latter deals with texture segmentation problem, searching a region within an image and finding the most similar region to a given object or a region. Although the proposed descriptor can be used in both domains, in this study, we are mainly concentrated on between-image search problem since in this domain, the performance of a descriptor can be easily evaluated in terms of the average retrieval rates [24] , [27] , [14] , [2] , [15] . On the other hand, the concept of similarity is quite subjective.
There are two popular methods for testing the performance of a texture descriptor:
i.
Each image in the database is divided into sub-images,
ii.
The images in the database are grouped by the user.
The first method enables us to identify each subimage without human subjective support, unless images are similar to each other, whereas the latter method requires grouping criteria that may differ from user to user. Although human support adds subjectivity to the performance measuring process, without this support human visual system consistency of a descriptor cannot be fully measured. This is a dilemma of the performance measuring process.
Image Retrieval without Human Subjectivity
In our experiments, all of the images in Brodatz Album, CUReT, PhoTex and VisTex databases are partitioned into 16 nonoverlapping regions, as shown in Figure 16 . Hence, for Brodatz Album 112 × 16=1792 subimages, for
CUReT, 61 16=976 subimages, for PhoTex 30 × × 16=480 subimages and for VisTex 67 16=2672 subimages are obtained, as shown in Table 3 . The performance of the proposed descriptor for each image database is measured in terms of the average retrieval rate, which is defined as the average percentage number of patterns belonging to the same image as the query pattern in top 15 matches (self matches are excluded) [14] , [15] , [24] . In another words, for each subimage, its most similar 15 subimages are searched within the entire database consists of subimages. In the ideal case, retrieved 15 closest and the query subimage should come from the same original image. This type of performance appraisal is widely used in between-image search applications.
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Throughout the image retrieval experiments 3x3, 5x5 and 7x7 clique windows are employed. Table 4 (a) shows the autocorrelation coefficients and the related window sizes, which are selected in the preliminary analysis of Brodatz,
CUReT, PhoTex and VisTex image databases, as explained in the previous section. As it can be seen from the Table 4 (a) for a given clique window type, 10 autocorrelation coefficient are calculated and the feature vector of size 20 (10 mean value + 10 standard deviation) is formed.
In order to make a systematic analysis on the performance of SASI descriptor all clique windows defined in , , , and are employed. After calculating the SASI descriptor, the ranking process is accomplished by using Equation (6).
The average retrieval rates of Gabor and SASI descriptor are computed for images in Brodatz, CUReT, PhoTex and VisTex databases, respectively and the results are indicated in Table 3 . Note that SASI descriptor achieves average retrieval rate between 47-92% whereas Gabor Filter remains in the range of 46-80%. We, also, formed a large image database by combining all the subimages of the Brodatz, CUReT, PhoTex and VisTex. In this experiment, for each subimage its most similar 15 subimages are searched within 5,920 subimages. The average retrieval rate for SASI descriptor (in ) is 67.20% whereas that of Gabor is 60.56%.
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In SASI increasing the order of the neighborhood system larger than 3, decreases the average retrieval rate, due to curse of dimensionality. Thus, the below experiments are done by using SASI with clique windows defined in . The retrieval rate for each image in the Brodatz album for Gabor and SASI descriptor is shown in Table 5 . Figure   17 indicates the percentage of retrieving the correct subimages as a function of number of retrieved subimages. In Figure 17 , horizontal axis represents the number of retrieved subimages and vertical axis represents the percentage of the correct retrieved subimages. The performance increases to 93% if the top 100 retrievals are considered instead of 15 retrieval considerations.
Image Retrieval with Human Help: Clustering
Brodatz, CUReT, PhoTex and VisTex image databases were never intended to give a fully representative sample set of a broad class of textures for testing the full performance of texture descriptors. As described earlier, during the evaluation of the performance of a descriptor, the images of the databases are partitioned into n subimages. Then, for each subimage, its most similar subimages are searched within the subimages in the database. In this case, images can be considered as distinct classes, whereas the subimages correspond to the entries of each class.
− n
It is expected that the query and the retrieved most similar, i.e. closest, 1 − n subimages are regions of the same image. This expectation is only valid for an image database, where images of the database are visually different from each other whereas the subimages are visually similar. However, the databases used in the experiments are far from satisfying this expectation.
There are two major problems for measuring the performance of a descriptor. Firstly, some images in the database are quite similar to each other. Secondly, splitting an image into subimages may sometimes yield visually dissimilar textures. These problems prevent us to measure the consistency of a descriptor with the human visual system. In order to avoid the above problems, the subimages may be clustered by the human support. However, in this case the measured performance of a descriptor is human specific. Also, when the number of images clustered by the human is increased, subjectivity is also increased from one person to the other.
Since it is hard to manually group the subimages, 112 textured images of Brodatz Album are visually grouped into 32 different clusters, each of which contains 1-8 similar texture [15] , [24] , [27] . In this study, we use the clustering schema defined in [24] as shown in Table 6 . After the grouping, each image is partitioned into 16 subimages. Note that, this clustering process can eliminate the problems of Brodatz Album mentioned above, to a certain extent.
This time, the query and retrieved most similar subimages are tested for belonging to the same cluster. Since clusters contain different number of images rather than average retrieval rates, weighted average retrieval rates, where the weights are the number of images in each cluster, are considered. Figure 18 illustrates an evaluation based on 32 clusters. Weighted average retrieval rate of SASI descriptor is higher than that of Gabor Filter descriptor. As it can be seen from Figure 18 , when clustering is employed, the most similar 8 subimages of a given query subimage are in the same cluster at the rate of 90%.
As stated in Section 3, images in the VisTex database were grouped according to their contents by the researchers at the MIT Media Lab. In table 7, 19 groups of images in the VisTex are shown. Same analysis defined in the previous paragraph is applied on visually grouped images of VisTex. Figure 19 shows an evaluation based on 19 clusters where the most similar 8 subimages of a given query subimage are in the same cluster at the rate of 85%.
CONCLUSUIONS
In this paper, a new texture descriptor, namely SASI, is introduced and compared to Gabor Filters. SASI descriptor consists of second order statistics of autocorrelation coefficient at different lags over a set of clique windows. The concept of clique chain is employed for constructing these structural windows. Clique windows are defined by using a set of neighborhood systems. Changing the order of the neighborhood system, various regular or irregular clique windows are generated. The size of the clique windows and the lag vectors for the autocorrelation coefficients are the parameters of SASI. Selection of these parameters requires domain dependent analysis. The traditional correlogram is a special case of SASI, where only one clique window is used with the size of the image itself and clique autocorrelation coefficient is calculated for all lag vectors. Therefore, SASI can be considered as a generalized correlogram.
SASI descriptors have various superiorities compared to Gabor filters. First of all, the Gaussian structure of the Gabor filters, has the tendency to bend the straight lines and smoothes the sharp edges. On the other hand, the flexibility in designing a large class of clique windows enables one to capture a great variety of textures without any distortion. Secondly, while SASI descriptors can successfully extract small texels, the Gabor function fails to detect them, due to the relatively large error of the discrete filter approximation. As a result, SASI descriptor captures the structural property of the texture better than the Gabor Filters. This fact is verified during the performance tests based on average retrieval rates applied on subimages and visually clustered images of Brodatz Album, CUReT, PhoTex and VisTex databases. Finally, during the experiments it is observed that SASI descriptor is more consistent to the Human Visual System compared to the Gabor filters, in retrieving the similar images. This is quite reasonable considering the fact that SASI does not restrict the textures to obey the laws of Gaussian nature. On the other hand, the main disadvantage of SASI descriptor is its high computational complexity, especially for large size clique windows required for capturing large texels. Table 2 : Parameters of Gabor and SASI. Appendix- Figure I .b: The most similar 35 images of given query images D052_1 and D101_1. 
